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Introduction 58
Cognitive performance declines in normal aging, and this decline has been linked to a functional 59 reorganization of the brain (Damoiseaux, 2017; Li et al., 2015) . From the perspective of network minutes (delayed recall). The score from the delayed recall phase was used to define the verbal 179 memory domain.
180
Verbal learning was defined using the total number of correct responses over 5 immediate free 181 recall trials. The functional segregation index 241 The segregation of each of the resting state networks was quantified using a measure that 242 summarizes values of within-network correlations in relation to between-network correlations 243 (Chan et al., 2014) . This metric is calculated according to the following formula: (Z w -Z b )/Z w , 244 where Z w is the mean Fisher z-transformed r between regions within the same network and Z b is 245 the mean Fisher z-transformed r between regions of one network (e.g. nodes in the DMN) to all 246 regions in other networks (e.g. nodes in the remaining networks: FPCN, DAN, SVAN, LIMB, 247 VIS, SM).
248
Higher values of the segregation index reflect greater within-than between-network 249 connectivity, and thus greater network segregation, while lower values represent a lower 250 difference in within-to between-network connectivity and thus lower functional segregation. effects, we entered time, age at baseline (grand-mean-centered variable), and their interaction 257 term into the model. As random effects, we had intercepts for subjects, as well as by-subject 258 random slopes for the effect of time. Gender (female = 1, male = 0) and education (on a scale 259 from 1 to 3; 1 = high school with or without vocational education, 2 = higher education entrance 260 qualification, business school or university of applied sciences, or 3 = university degree) were 261 entered as nuisance covariates into the model, as current research suggest that these variables 262 significantly relate to the topological organization of the human brain (Chan et al., 2018) .
263
In the main models, we did not control for motion, as recent work suggests that this could 264 remove true age-related connectivity effects (Geerligs et al., 2017 , Staffaroni et al., 2018 .
265
However, supplementary models were estimated by including motion as an additional nuisance 266 covariate, defined as the average framewise displacement (FD) in a given measurement occasion.
Several other validation analyses, including additional covariates (e.g. mean functional 268 connectivity strength, gray matter volume cortical thickness) have also been performed and are 269 described in the Results section.
270
The same linear mixed effects models were performed to investigate longitudinal change in 271 within network and pairwise between-network connectivity, and cognitive performance.
272
In addition, as it is very likely that the change in cognitive performance between the baseline and 273 the 1-year follow-up assessment is influenced by the increased familiarity with the testing 274 situation, reduction of anxiety, or general practice of relevant skills, we added a "retest effect" 275 (baseline=0, 1-year follow-up=1, 2-year follow-up=1, 4-year follow-up=1) as a covariate in the 276 linear mixed effects (LME) models for cognitive measures (Hoffman, Hofer, & Sliwinski, 2011; 277 Oschwald et al., 2019) .
278
Linear mixed models were fit by maximum likelihood and the p-values were obtained from the t-279 statistic using Satterthwaites's approximation to the denominator degrees of freedom (lmerTest 280 package (v.3.0-1) in R (v.3.5.2); Kuznetsova et al., 2017) .
281
The mixed models were fitted separately for each cognitive domain and resting state network.
282
The results were adjusted for multiple comparisons using the Bonferroni correction. 
288
The individual rate of change, defined as the subject-specific slope of the regression line between 289 time and the cognitive scores/network segregation, was derived from the corresponding LME 290 models described in this section (Ng et al., 2016 (Ng et al., , 2018 . Therefore, the subject-specific 291 trajectories of change in cognition and functional segregation of networks reflected the 292 combination of fixed and random effects of time as defined in our models.
293
The significance of obtained correlation coefficients was corrected for multiple comparisons 294 using the Bonferroni correction. The correlation analysis was performed using the R-based 295 package psycho (v. 0.4.0.).
296
The results were visualized using the ggplot (v. 2-3.0.0) package in R.
297

Results
299
Change in the resting state network segregation 300 There was a significant decline in the segregation of associative networks such as the DMN 301 (p=0.001), FPCN (p<0.001) and the SVAN (p=0.029) networks over the 4-y interval (Table 1) .
302
In contrast, there was a significant increase in the segregation of the LIMB network (p=0.005).
303
The significant main effect of age at baseline indicated that older elderly have lower segregation 304 of the DMN (p=0.001) and SVAN (p<0.001). For the latter we additionally found a significant 305 interaction between time and age at baseline, reflecting a U-shaped association with respect to 306 age and a turning point at around 75 years of age ( Figure 1 ). This implies that after an initial 307 decrease with age, from age 75 an upwards the segregation of this network increased.
308
Longitudinal aging effects in the segregation of the remaining three networks, the DAN (b < -309 0.0001, SE= 0.0016, 95% CI: -0.0031 -0.0030; p= 0.976), VIS (b = 0.0005, SE= 0.0018, 95% 310 CI: -0.0030 -0.0041; p=0.768), and SM (b = 0.0003, SE= 0.0017, 95% CI: -0.0031 -0.0037; 311 p=0.878) networks, were not statistically significant (Table A. 3.) . Further, several validation analyses were done to test the robustness of presented results, as 316 detailed below. More specifically, we investigated the effects of: 1) motion, 2) gray matter 317 volume cortical thickness (CT), 3) mean functional connectivity, 4) global signal regression, 5) 318 high-pass filtering, and 6) the choice of parcellation scheme (i.e. network definition), on the 319 current analyses.
320
First, we included mean (within-session) framewise displacement (mean FD) as a covariate in 321 the LME models. Although head motion was negatively related to segregation in the DMN and 322 FPCN, and positively related to segregation in LIMB, the inclusion of motion parameters into the 323 models did not qualitatively alter the results (Table A. 4 ). Next, we conducted a supplementary 324 analysis in which we excluded participants that had mean FD values that were more than three 325 median absolute deviations (MADs) above the median of the sample distribution across 326 measurement occasions. This did not qualitatively alter the results presented in the main 327 manuscript (Table A. 
5).
Next, the inclusion of network-specific cortical volume thickness (calculated using FreeSurfer v. 329 6.0.0; (http://surfer.nmr.mgh.harvard.edu); Fischl, 2012), as an additional covariate in the LME 330 models, did not significantly affect the main results (Table A .6), with the only exception being 331 the time effect on the segregation of the SVAN, which was no longer significant after including 332 cortical thickness (time*age effect was still significant). Hence, based on these additional 333 analyses we are confident to conclude that changes in network functional segregation are not 334 merely an effect of brain atrophy.
335
However, we did show an additional negative effect of age at baseline (does not survive multiple 336 comparisons correction) on the segregation of the FPCN and DAN networks, suggesting that 337 older participants have lower segregation in these networks when controlling for the network- Furthermore, similar findings were obtained after using different methodological approaches, 349 such as repeating the analysis without global signal regression (Table A .8), and using a high-pass 350 filter (0.008 Hz -Inf) instead of band-pass filtering as in main analyses (Table A.9).
351
However, in the analysis with high-pass filtered data, we did not find a significant time*age 352 effect on the segregation of the SVAN, and there was a significant but weak age effect (i.e. does 353 not survive multiple comparisons correction) on the segregation of the FPCN network.
354
Finally, to test if our results are contingent on the network definition found in the Schaefer et al. 355 atlas, we reanalyzed our data using two other parcellation schemes available in the Power et al. Nonetheless, it should be noted that these parcellations have similar, but not overlapping, resting-358 state network assignments, as the two additional atlases include subcortical regions and do not have a specific definition of the limbic network (please see the Appendix for more detailed 360 explanation). Therefore, the validation analyses did not include the limbic network, as other 361 atlases did not have a comparable definition of this resting-state network.
362
A significant decline in the functional segregation was once again shown in the default mode and 363 salience networks (Table A .10-11). However, this decrease was not reproduced for the FPCN, 
384
The full presentation of the results outlined below can be found in tables A.12-14.
386
Within-network connectivity 387 We found a significant decrease in the functional connectivity strength of FPCN (b = -0.0022, 388 connectivity strength of LIMB (b = 0.0061, SE = 0.0017, 95% CI: 0.0028 -0.0094; p=<0.001) 390 and SM (b = 0.0043, SE = 0.0017, 95% CI: 0.0009 -0.0077; p=0.013).
391
Finally, we found a significant effect of age at baseline on intra-network connectivity, with older Between-network connectivity 400 Inter-network connectivity was increased between DMN and SVAN (b = 0.0019, SE = 0.0006, 401 95% CI: 0.0007 -0.0031; p=0.002), and LIMB and SVAN (b = 0.0018, SE = 0.0007; 95% CI: 402 0.0004 -0.0031; p=0.010).
403
Further, all of the networks that showed significant change in functional segregation also had an 404 increase in connectivity strength with the SM network (see table A.14). More specifically, FPCN 405 (b = 0.0020, SE= 0.0006, 95% CI: 0.0008 -0.0032; p=0.001), DMN (b = 0.0026, SE = 0.0006, 406 95% CI: 0.0014 -0.0038; p=<0.001), SVAN (b = 0.0025, SE = 0.0009, 95% CI: 0.0008 -407 0.0042; p=0.004), and LIMB (b = 0.0022, SE = 0.0008, 95% CI: 0.0006 -0.0038; p=0.007), all 408 had increased connectivity strength with SM over the 4-year interval.
409
In addition, DAN (b = 0.0029, SE = 0.0012, 95% CI: 0.0006 -0.0053; p= 0.013), also showed 410 an increase in between-network connectivity with SM.
411
Finally, the VIS network had an increase in functional connectivity strength only with the LIMB 412 network (b = 0.0020, SE= 0.0010, 95% CI: 0.0001 -0.0039; p=0.036).
413
Additionally, older participants had higher DMN-DAN (b = 0.0006, SE=0.0003, 95% CI: Change-change association between brain and cognition measures 423 We found a statistically significant decline in performance in the three cognitive domains: 424 processing speed (p<0.001), verbal learning (p<0.001) and verbal memory (p<0.001) ( Figure   425 A.2). There was a significant retest effect for processing speed (p<0.001) ( indicating more significant decline in processing speed at higher rates of decline in the 440 segregation of the FPCN network (Figure 2. ). In addition, we performed a regression analysis in 441 which we included age as a covariate, to test if the association between the rate of change in 442 cognition and brain was influenced by age at baseline. The effect of change in the segregation of 443 the FPCN on the rate of change in processing speed remained significant (β = 0.15, 95% CI 444 [0.02 -0.28], p = 0.024), while the effect of age was not significant (β = 0.00, 95% CI [-0.01 -445 0.01], p = 0.94). These effects remained across all processing pipelines, except in the one which 446 involved high-pass instead of band-pass filtered data ( figure A.4.A) . The reported association did 447 not survive multiple comparison correction (corrected for 12 models, alpha = .05/12).
448
Further, we found a significant positive association between the rate of change in the segregation 449 of the limbic network and verbal learning (r (226.00) = 0.18, 95% CI [0.05, 0.30], p = 0.008), 450 and verbal memory (r (225) = 0.23, 95% CI [0.098, 0.35], p = 0.001), indicating lower rates of 451 decline in verbal learning and memory at higher rates of increase in the segregation of this 452 network. However, these results were inconsistent across different preprocessing pipelines, with either null associations or even negative effects of segregation of the limbic network on verbal 454 learning and memory (figure A.4.B and A.4.C) . Given that the initial positive association 455 between the limbic network and cognitive performance was not replicated across the control In the present study we quantified the functional segregation of seven resting state networks 478 using a metric defined as the ratio of within-to between-network connectivity. As hypothesized, 479 our findings showed a disruption in the segregation of associative resting state functional 
495
The segregation index has been shown to be more sensitive than other graph theoretical metrics 496 in relation to age-related changes in functional organization (Chan et al., 2014) . Moreover, this 497 measure is not limited to pairwise analysis of between-network connectivity, but it can detect 498 global modifications in functional connectivity patterns and thus provide us with a summary 499 measure per desired network.
500
In the present study, we see that the observed pattern is not specific to individual networks, but is 501 rather generalizable across associative networks, pointing to a dichotomy between two large 502 systems -associative and somatosensory, suggesting that the former is more vulnerable to aging 503 effects (Chan et al., 2014; Geerligs et al., 2015) .
504
Further examination of within-and between-network connectivity revealed associative networks 505 (i.e. DMN, FPCN, DAN, SVAN and LIMB were not significant after multiple comparisons Interestingly, the somatomotor network had sustained functional segregation across this period, 508 which is probably due to the preserved connectivity strength within this network, maintaining the 509 balance to its between-network connections. Further, this increase in between-network 510 integration is consistent with earlier research indicating a diffuse increase in positive correlations 511 in older compared to young adults, especially between somatosensory and other networks, such 512 as the DMN, executive control and attention networks (Ferreira et al., 2016; Geerligs et al., 2015; 513 Song et al., 2014; Iordan et al., 2018; Betzel et al., 2014; Meier et al., 2012) . Similar findings, 514 that is the increase in somatomotor between-network connectedness, were shown in the cross-515 sectional study of Song and colleagues (2014), interpreted as the reorganization of hub nodes 516 (i.e. highly connected brain regions), as hubs in the DMN became non-hubs in older participants, 517 and hubs in the somatosensory gained hubness and greater role in inter-network connectivity.
518
Overall, a greater interdependence of these two types of systems is consistent with the hypothesis 519 that the associative networks compensate for the decline in sensorimotor function that occurs in 520 older age (Li and Lindenberger, 2002; Seidler et al., 2010 Seidler et al., , 2015 .
521
Further, we showed significant change in the segregation of three higher-order networks, DMN, 522 SVAN and the FPCN, in line with studies showing functional reorganization primarily in these 523 networks in older adults compared to young (Damoiseaux, 2017; Grady et al., 2016; Chan et al., 524 2014; Meier et al., 2012 , Betzel et al., 2014 . More specifically, DMN and SVAN tended to have 525 an increase in connectivity with other networks, while FPCN showed mainly a decrease in 526 within-network connectivity strength.
527
Contrary to a recently published longitudinal study with comparable age range (Ng et al., 2016) , 528 we did not show an increase in the DMN-FPCN connectivity. These authors showed a U-shaped 529 trajectory in the functional integration between these networks, with a turning point around 65-Further, we showed a potential benefitial impact of higher functional segregation of the limbic 626 network, as there was less decline in verbal learning and memory at higher rates of increase in 627 the segregation of this network. Although speculative, it is possible that the enhanced 628 segregation of limbic network is related to a compensatory mechanism (Fjell et al., 2015) or an 629 increase in emotional regulation and that this perserved emotional function is able to facilitate 630 older participant's memory (Nashiro and Mather, 2011) . Moreover, these findings are compatible 631 with previous research showing higher cortical thickness in the coresponding limbic regions, 632 such as the temporal pole and orbitofrontal cortex, in participants with better verbal learning and 633 memory performance (Engvig et al., 2010; Wolk and Dickerson, 2011) . 
Methodological considerations and limitations 642
It is worth noting that the results remained largely consistent after several validation analyses 643 controlling for other covariates (i.e. motion, mean connectivity, gray matter volume cortical 644 thickness) or differences in methodological choices (i.e. global signal regression, data filtering, 645 parcellation scheme).
646
However, there are still some considerations that should be taken into account.
647
In our main analysis, we defined our networks according to a parcellation (Schaefer et al., 2018; ) 648 that has a network assignment (Yeo et al., 2011) commonly used in studies on healthy aging (Ng 649 et al., 2016; Betzel et al., 2014) . We then repeated our analysis using two other functional atlases 650 that had similar, but not overlapping, resting-state network assignments. In these validation 651 analyses, there was a significant decline in the functional segregation of the DMN, independently 652 of network definition, while the SVAN (reproduced in one atlas) and FPCN were more 653 contingent on the choice of the parcellation scheme. To better understand this discrepancy level, which is out of the scope of this study. However, future studies are encouraged to 656 investigate this in more detail.
658
Next, the application of global signal regression (GSR) has remained somewhat controversial as 659 the primary concern regarding this approach is that it could possibly: a) remove neural 660 information that might be present in the global signal; and (due to its mathematical 661 characteristics) that it b) shifts the distribution of functional connectivity strength from 662 predominantly positive to both positive and negative connectivity (Murphy & Fox, 2017) .
663
Regarding the first issue, it has been pointed out that the global signal consists primarily of 664 signal of nonneural origin related to movement-and physiology-induced noise (Power et al., 665 2017). In fact, a potential confound in aging studies is motion, as older adults show greater 666 amounts of head movement (Mowinckel et al., 2012) which has also been related to artefactually 667 altered connectivity patterns (Power et al., 2012; Satterthwaite et al., 2013) . In accordance, it has 668 been shown that GSR, and more specifically the 36-parameter regression model that we have 669 applied here (Ciric et al., 2017) , is an efficient denoising strategy, especially in reducing the 670 influence of movement (Satterthwaite et al., 2019) . Nonetheless, due to ambiguity in the 671 qualitative interpretation of negative correlations in the presence of global signal regression 672 (Power et al. 2017; Fox and Murphy, 2016) , and in accord with previous studies that used the 673 segregation measure with GSR (Chan et al. 2014 , 2017 Han et al., 2018; Chong et al., 2019) , we 674 decided to exclude these connections. Nonetheless, validation analyses with data without global 675 signal regression, indeed revealed similar results to the main findings, further supporting the 676 choice of GSR in the preprocessing of rs-fMRI.
677
A further issue relates to the observation that regions in the limbic network (i.e. OFC and 678 temporal pole) tend to have lower BOLD signal-to-noise ratio (SNR) in comparison to other 679 resting state networks and can thus suffer from signal loss (Yeo et al., 2011) . In our analyses we 680 compared summarized average measures on a network-level in order to reduced the influence of 681 low SNR present in some but not all voxels within the limbic network.
682
Besides the above-mentioned issues, which primarily regard options in MRI data processing, it 683 should be noted that, although the sample remained physically and mentally healthy across 684 follow-up according to general health indicators, we cannot fully exclude that a small percentage of the study population deviated from healthy cognitive aging trajectories given that our study 686 design did not contain comprehensive clinical assessments besides the MMSE. 687 Furthermore, with respect to statistical modeling, we would like to point out that we fit 688 hypothesis-driven "maximal" LMEMs, to investigate the change in functional segregation and 689 cognition, that contained random slopes for time, regardless of the estimated variance of the 690 random slopes (Barr et al., 2013) . However, the (near-zero) variance in the random effects 691 structure did not have an important influence on the significance tests of the fixed effects, thus 692 not changing the interpretation of the results in comparison to random intercept models.
693
Importantly, the extraction of random slopes for the effect of time allowed us to test associations 694 between individual rates of change in brain and cognition.
695
Finally, future studies should investigate the association between the resting state functional 696 segregation and performance in other cognitive domains, as some studies suggest that this 697 relationship also depends on task complexity and cognitive load (Yue et al., 2017) . 
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